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(57) ABSTRACT

A method includes receiving acoustic features of a first
utterance spoken by a first user that speaks with typical
speech and processing the acoustic features of the first
utterance using a general speech recognizer to generate a
first transcription of the first utterance. The operations also
include analyzing the first transcription of the first utterance
to identify one or more bias terms in the first transcription
and biasing the alternative speech recognizer on the one or
more bias terms identified in the first transcription. The
operations also include receiving acoustic features of a
second utterance spoken by a second user that speaks with
atypical speech and processing, using the alternative speech
recognizer biased on the one or more terms identified in the
first transcription, the acoustic features of the second utter-
ance to generate a second transcription of the second utter-
ance.
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SPEECH RECOGNITION

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This U.S. patent application claims priority under
35 US.C. § 119(e) to U.S. Provisional Application 62/967,
949, filed on Jan. 30, 2020. The disclosure of this prior
application is considered part of the disclosure of this
application and is hereby incorporated by reference in its
entirety.

TECHNICAL FIELD

[0002] This specification generally relates to speech pro-
cessing.

BACKGROUND
[0003] Speech processing is the study of speech signals

and the processing methods of signals. The signals are
usually processed in a digital representation, so speech
processing can be regarded as a case of digital signal
processing, applied to speech signals. Aspects of speech
processing includes the acquisition, manipulation, storage,
transfer, and output of speech signals.

SUMMARY

[0004] It can be challenging for a speaker with atypical
speech (e.g., apraxia, cluttering, developmental verbal
dyspraxia, dysarthria, dysprosody, speech sound disorders,
stuttering, voice disorders, lisp, etc.) to ensure that others are
able to understand what the speaker is saying. It would be
helpful to utilize speech recognition technology to assist the
others by transcribing the speaker’s speech and outputting
the transcription in a user interface or through synthesized
speech. However, just as listeners may have difficulty under-
standing a speaker with atypical speech, speech recognizers
may suffer from decreased accuracy when transcribing
atypical speech.

[0005] To overcome this challenge, it may be helpful to
determine the context of the conversation between the
speaker with atypical speech and another speaker with
typical speech. A system may employ multiple speech
recognizers and selectively activate one of them depending
on whether the system detects atypical speech or typical
speech.

[0006] The system may use a general speech recognizer to
generate a transcription of speech from a speaker with
typical speech. The system may use that transcription to
determine the context of the conversation to bias an alter-
native speech recognizer. The system may use the biased
alternative speech recognizer when transcribing speech from
a speaker with atypical speech. By biasing the alternative
speech recognizer, the system may improve the accuracy of
the transcription of the speech from a speaker with typical
speech.

[0007] This may be helpful in various types of situations.
One example may involve a telephone conversation between
two people, one who speaks with atypical speech and one
who speaks with typical speech. The system may use the
transcriptions of the dialog of the speaker who speaks with
typical speech to bias an alternative speech recognizer. The
system uses the biased alternative speech recognizer to
perform speech recognition on the dialog of the speaker who
speaks with atypical speech. The system can output a

Aug. 5,2021

transcription of the dialog of the speaker with atypical
speech or output synthesized speech so that the speaker who
speaks with typical speech is able to better understand the
speaker who speaks with atypical speech.

[0008] One aspect of the present disclosure provides a
computer-implemented method that when executed on data
processing hardware causes the data processing hardware to
perform operations that include: receiving acoustic features
of a first utterance spoken by a first user that speaks with
typical speech; processing, using a general speech recog-
nizer, the acoustic features of the first utterance to generate
a first transcription of the first utterance; analyzing the first
transcription of the first utterance to identify one or more
bias terms in the first transcription for biasing an alternative
speech recognizer; and biasing the alternative speech rec-
ognizer on the one or more bias terms identified in the first
transcription. The operations also include: receiving acous-
tic features of a second utterance spoken by a second user
that speaks with atypical speech; and processing, using the
alternative speech recognizer biased on the one or more bias
terms identified in the first transcription, the acoustic fea-
tures of the second utterance to generate a second transcrip-
tion of the second utterance.

[0009] Implementations of the disclosure may include one
or more of the following optional features. In some imple-
mentations, the operations also include displaying the sec-
ond transcription of the second utterance on a display of a
user device associated with the first user and/or generating
a synthetic speech representation for the second transcrip-
tion of the second utterance and providing the synthetic
speech representation for audible output from a user device
associated with the first user. In some examples, the opera-
tions also include, after receiving the acoustic features of the
second utterance spoken by the second user that speaks with
atypical speech: performing speaker recognition on the
acoustic features of the second utterance to identify the
speaker of the second utterance as the second user that
speaks with atypical speech; and selecting the alternative
speech recognizer to perform speech recognition on the
acoustic features of the second utterance based on the
speaker recognition performed on the acoustic features of
the second utterance identifying the second user as the
speaker of the second utterance.

[0010] In some other examples, the operations also
include, after receiving the acoustic features of the second
utterance spoken by the second user that speaks with atypi-
cal speech: generating, using a speech classifier model, an
output indicating that the acoustic features of the second
utterance are associated with an utterance spoken by a
speaker with atypical speech; and selecting the alternative
speech recognizer to perform speech recognition on the
acoustic features of the second utterance based on the output
generated by the speech classifier model that indicates the
acoustic features of the second utterance area associated
with the utterance spoken by the speaker with atypical
speech. In these other examples, the speech classifier model
may be trained on atypical training utterances that include
respective labels indicating that the atypical training utter-
ances are spoken by speakers with atypical speech. Here, the
atypical training utterances may include include utterances
spoken by speakers who have at least one of apraxia of
speech, deaf speech, cluttering, developmental verbal
dyspraxia, dysarthria, dysprosody, a speech sound disorders,
slurred speech, stuttering, a voice disorder, or a lisp. The
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speech classifier model may also be trained on typical
training utterances that include respective labels indicating
that the typical training utterances are spoken by speakers
with typical speech.

[0011] In some implementations, analyzing the first tran-
scription of the first utterance to identify one or more bias
terms in the first transcription includes identifying the one or
more bias terms by identifying non-functional terms in the
first transcription. Analyzing the first transcription of the
first utterance to identify one or more bias terms in the first
transcription may include performing a term frequency-
inverse document frequency (tf-idf) analysis on the first
transcription to identify the one or more bias terms. Addi-
tionally or alternatively, analyzing the first transcription of
the first utterance to identify one or more bias terms in the
first transcription may include identifying mutual informa-
tion included in multiple transcriptions generated by the
general speech recognizer during an ongoing conversation
between the first user and the second user.

[0012] The first utterance may be captured by a first user
device associated with the first user and the data processing
hardware may reside on the first user device. In other
configurations, the data processing hardware resides on a
remote computing device in communication with the first
user device.

[0013] Another aspect of the disclosure provides a system
that includes data processing hardware and memory hard-
ware in communication with the data processing hardware
and storing instructions that when executed by the data
processing hardware cause the data processing hardware to
perform operations that include: receiving acoustic features
of a first utterance spoken by a first user that speaks with
typical speech; processing, using a general speech recog-
nizer, the acoustic features of the first utterance to generate
a first transcription of the first utterance; analyzing the first
transcription of the first utterance to identify one or more
bias terms in the first transcription for biasing an alternative
speech recognizer; and biasing the alternative speech rec-
ognizer on the one or more bias terms identified in the first
transcription. The operations also include: receiving acous-
tic features of a second utterance spoken by a second user
that speaks with atypical speech; and processing, using the
alternative speech recognizer biased on the one or more bias
terms identified in the first transcription, the acoustic fea-
tures of the second utterance to generate a second transcrip-
tion of the second utterance.

[0014] This aspect may include one or more of the fol-
lowing optional features. In some implementations, the
operations also include displaying the second transcription
of the second utterance on a display of a user device
associated with the first user and/or generating a synthetic
speech representation for the second transcription of the
second utterance and providing the synthetic speech repre-
sentation for audible output from a user device associated
with the first user. In some examples, the operations also
include, after receiving the acoustic features of the second
utterance spoken by the second user that speaks with atypi-
cal speech: performing speaker recognition on the acoustic
features of the second utterance to identify the speaker of the
second utterance as the second user that speaks with atypical
speech; and selecting the alternative speech recognizer to
perform speech recognition on the acoustic features of the
second utterance based on the speaker recognition per-
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formed on the acoustic features of the second utterance
identifying the second user as the speaker of the second
utterance.

[0015] In some other examples, the operations also
include, after receiving the acoustic features of the second
utterance spoken by the second user that speaks with atypi-
cal speech: generating, using a speech classifier model, an
output indicating that the acoustic features of the second
utterance are associated with an utterance spoken by a
speaker with atypical speech; and selecting the alternative
speech recognizer to perform speech recognition on the
acoustic features of the second utterance based on the output
generated by the speech classifier model that indicates the
acoustic features of the second utterance area associated
with the utterance spoken by the speaker with atypical
speech. In these other examples, the speech classifier model
may be trained on atypical training utterances that include
respective labels indicating that the atypical training utter-
ances are spoken by speakers with atypical speech. Here, the
atypical training utterances may include include utterances
spoken by speakers who have at least one of apraxia of
speech, deaf speech, cluttering, developmental verbal
dyspraxia, dysarthria, dysprosody, a speech sound disorders,
slurred speech, stuttering, a voice disorder, or a lisp. The
speech classifier model may also be trained on typical
training utterances that include respective labels indicating
that the typical training utterances are spoken by speakers
with typical speech.

[0016] In some implementations, analyzing the first tran-
scription of the first utterance to identify one or more bias
terms in the first transcription includes identifying the one or
more bias terms by identifying non-functional terms in the
first transcription. Analyzing the first transcription of the
first utterance to identify one or more bias terms in the first
transcription may include performing a term frequency-
inverse document frequency (tf-idf) analysis on the first
transcription to identify the one or more bias terms. Addi-
tionally or alternatively, analyzing the first transcription of
the first utterance to identify one or more bias terms in the
first transcription may include identifying mutual informa-
tion included in multiple transcriptions generated by the
general speech recognizer during an ongoing conversation
between the first user and the second user.

[0017] The first utterance may be captured by a first user
device associated with the first user and the data processing
hardware may reside on the first user device. In other
configurations, the data processing hardware resides on a
remote computing device in communication with the first
user device.

[0018] The details of one or more implementations of the
disclosure are set forth in the accompanying drawings and
the description below. Other aspects, features, and advan-
tages will be apparent from the description and drawings,
and from the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] FIG. 1 is a schematic view of an example environ-
ment of two users having a conversation, where a computing
device outputs transcriptions of a user’s speech for the user
who speaks with atypical speech.

[0020] FIG. 2 is a schematic view of an example auto-
mated speech recognition (ASR) system that performs
speech recognition on typical speech and atypical speech.
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[0021] FIG. 3 is a schematic view of an example training
procedure for training a speech classifier model.

[0022] FIG. 4 is a flowchart of an example arrangement of
operations for a method of performing speech recognition on
typical speech and atypical speech.

[0023] FIG. 5 is a schematic view of an example comput-
ing device that may be used to implement the systems and
methods described herein.

[0024] Like reference numbers and designations in the
various drawings indicate like elements.

DETAILED DESCRIPTION

[0025] FIG. 1 illustrates an example environment 100 of
two users 102a, 1026 having a conversation, where a
computing device 106 outputs transcriptions 146, 146a-b of
the speech spoken by the user 1025 who speaks with atypical
speech. Briefly, and as described in more detail below, user
102a, who speaks with typical speech, is having a conver-
sation with user 1025, who speaks with atypical speech. To
assist the user 102a in understanding the user 1024, the
computing device 106 provides a graphical interface 150
that includes the transcriptions 146a, 1465 of utterances 134,
142 spoken by the user 1025. The computing device 106
improves the accuracy of speech recognition performed on
atypical speech from the user 102 by biasing an alternative
speech recognizer 132 configured to recognize atypical
speech. The conversation may include a telephone conver-
sation via respective user devices 106, 106a-b (e.g., smart
phones). In other examples, the users 102a, 1026 may be
having an in-person conversation in which a single user
device 106 is capturing utterances 108, 134, 138, 142 spoken
by both users 102a, 1025.

[0026] In more detail, the user 1026 speaks with atypical
speech that can sometimes make it difficult for others to
understand the user 1025, while the user 102a does not
speak with atypical speech. The user 102 may use the user
device 106 to assist in understanding the user 1026 with
atypical speech. The user device 106 may correspond to a
computing device having multiple speech recognizers 124,
132. For instance, the user device 106 may use a general
speech recognizer 124 to perform speech recognition on
speech that does not include atypical speech and an alter-
native speech recognizer 132 to perform speech recognition
on atypical speech. More specifically, the general speech
recognizer 124 may be trained on speech dominated by
speakers who speak with typical speech making it difficult
for the general speech recognizer 124 to accurately recog-
nize speech spoken by users with atypical speech. The
alternative speech recognizer 132 is trained on speech
utterances spoken by speakers who have various types of
speech disorders such as, without limitation, apraxia of
speech, cluttering, developmental verbal dyspraxia, dysar-
thria, dysprosody, speech sound disorders, slurred speech,
stuttering, voice disorders, lisp, or any other similar speech
disorder that can make it difficult for others to understand

[0027] Instage A, the user 102a speaks the utterance 108,
“Did you see the game last night?” The user device 106 may
include a microphone 204 (FIG. 2) that captures the utter-
ance 108. The user device 106 includes a speech recognizer
selector 110 that is configured to determine whether the user
102a who spoke the captured utterance 108 spoke with
atypical speech. Based on decision 120 that indicates that the
utterance 108 does not include atypical speech, the speech
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recognizer selector 110 reaches decision 114 that indicates to
select the general speech recognizer 124.

[0028] The user device 106 performs speech recognition
on audio data characterizing the utterance 108 using the
general speech recognizer 124. The general speech recog-
nizer 124 outputs an ASR result 218 (FIG. 2) for the
utterance 108 and provides the ASR result 218 for the
utterance 108 to a speech recognition biaser 222. The speech
recognition biaser 222 is configured to select terms 224 and
classes to bias the alternative speech recognizer 132. In this
example, the speech recognition biaser 222 determines that
the utterance 108 is related to sports and biases the alterna-
tive speech recognizer 132 to the class of terms 224a related
to sports. The speech recognition biaser also identifies the
term “game” as an appropriate term 224a to bias the
alternative speech recognizer 132.

[0029] In stage B, the user 1025 speaks the utterance 134,
“Idid. That last play was great. Are you going tonight?” The
speech of the user 1025 is atypical and that may make it
difficult for the user 1024 to understand what the user 1025
is saying. Speaking with atypical speech may also make it
difficult for the general speech recognizer 124 to accurately
perform speech recognition on the audio data of the utter-
ance 104. The microphone of the user device 106 captures
the utterance 134 and converts the utterance 132 into audio
data (e.g., acoustic features 205 (FIG. 2)) characterizing the
utterance 132 in a digital format. The speech recognizer
selector 110 analyzes the audio data of the utterance 134 and
determines that the utterance 134 includes atypical speech as
depicted by decision 136.

[0030] Based on the speech recognizer selector 110 deter-
mining that the utterance 134 includes atypical speech, the
speech recognizer selector 110 instructs the user device 106
to perform speech recognition on the audio data using the
alternative speech recognizer 132. The alternative speech
recognizer 132 may access/receive the bias terms 224 iden-
tified by the biaser 222 for use in biasing the alternative
speech recognizer 132 towards those terms 224q that
includes the term “game” and the set of terms related to the
sports class. The alternative speech recognizer 132 generates
the transcription 146 of “I did. That last play was great. Are
you going tonight?”

[0031] To assist the user 1024 in understanding the user
10254, the user device 106 generates a graphical interface 150
that includes the transcription 146. The user device 106
outputs the graphical interface 150 to the display of the user
device 106. The user 102a is able to view “I did. That last
play was great. Are you going tonight?” on the display of the
user device 106. The user device 106 may additionally or
alternatively audibly output a synthesized speech represen-
tation of the transcription 146.

[0032] In stage C, the conversation between the user 102a
and the user 1025 continues with the user 102a responding
with utterance 138, “I want to, but I don’t have a ticket.” The
microphone of the user device 106 captures the utterance
138 and converts the utterance 138 into audio data (e.g.,
acoustic features 205 (FIG. 2)) to characterize the utterance
138 in a digital format. The speech recognizer selector 110
analyzes the audio data of the utterance 138. The speech
recognizer selector 110 determines that the utterance 138
was spoken by a user who does not speak with atypical
speech as depicted by decision 140.

[0033] The speech recognizer selector 110 provides
instructions to the general speech recognizer 124 to perform
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speech recognition on the audio data of the utterance 138. In
some implementations, the computing device 106 does not
bias the general speech recognizer 124. The general speech
recognizer 124 generates an ASR result 218 of the utterance
138 and provides the ASR result 218 of the utterance 138 to
the speech recognition biaser 222. In this example, the
speech recognition biaser 222 determines that the utterance
138 identifies the term “ticket” as a term 224, 2245 to bias
the alternative speech recognizer 132. The speech recogni-
tion biaser 222 adds the term “ticket” as a term 2245 to bias
the alternative speech recognizer 132 such that the biasing
terms 224 now include the terms “game” and “ticket” and
the set of terms related to the “sports” class.

[0034] In some implementations, the speech recognition
biaser 222 analyzes the cumulative utterances spoken by the
user 1024 to determine the terms 224 to bias the alternative
speech recognizer 132. For example, the speech recognition
biaser 222 may analyze both the ASR results 218 for the
utterance 108 and the utterance 138 to determine the biased
terms 224 for any subsequent utterances. In this case, the
speech recognition biaser 222 may identify the terms
“game” and “ticket” and the set of terms related to the
“sports” class based on analyzing the ASR results 218 for the
utterances 108,138 spoken by the speaker 1024 with typical
speech.

[0035] In some implementations, the speech recognition
biaser 222 analyzes the most recent utterance spoken by the
user 1024 to determine the terms 224 and sets of terms
related to identified classes to add to the previously identi-
fied terms 224. For example, the speech recognition biaser
222 may analyze the utterance 138 to determine the addi-
tional biased terms 2244. In this case, the speech recognition
biaser 222 may identify the term “ticket” based on analyzing
the ASR result 224 for the utterance 138. The speech
recognition biaser 222 may store the previously identified
terms 224a along with the new term “ticket” 2244 in
memory hardware residing on the user device 106. The
speech recognition biaser 222 may bias the alternative
speech recognizer 132 using the biased terms 224, 2244a-b.
[0036] In stage D, the user 1025 speaks the utterance 142,
“I'have an extra one if you want it.” The user 1025 continues
to speak with atypical speech. The microphone of the user
device 106 captures the utterance 142 and converts the
utterance 142 into audio data characterizing the utterance
142. The speech recognizer selector 110 analyzes the audio
data of the utterance 142 and determines that the utterance
142 was spoken by a user with atypical speech as depicted
by decision 144.

[0037] Based on the speech recognizer selector 110 deter-
mining that the utterance 142 was spoken by a user with
atypical speech, the speech recognizer selector 110 instructs
the user device 106 to perform speech recognition on the
audio data. The alternative speech recognizer 132 accesses/
receives the biased terms 224 and biases the alternative
speech recognizer 132 towards the biased terms 224q that
includes the terms “game” and the set of terms related to the
“sports” class, as well as the biased terms 22454 that includes
the term “ticket”. The alternative speech recognizer 132
generates the transcription 148 of “I have an extra one if you
want it.”

[0038] The user device 106 updates the graphical interface
150 to include the transcription 148. The user device 106
outputs the graphical interface 150 to the display of the user
device 106. The user 102 is able to view “I have an extra one
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if you want it” on the display of the computing device 106.
The user device 106 may additionally or alternatively audi-
bly output a synthesized speech representation of the tran-
scription 148.

[0039] FIG. 2 illustrates an example automated speech
recognition (ASR) system 200 that performs speech recog-
nition on typical speech and atypical speech. In some
implementations, the ASR system 200 resides on a user
device 106 of a user 102, 104 and/or on a remote computing
device 201 (e.g., one or more servers of a distributed system
executing in a cloud-computing environment) in communi-
cation with the user device. In some examples, a portion of
the components of the ASR system 200 reside on the user
device 106, while a remaining portion of the components
reside on the remote computing device 201. Although the
user device 106 is depicted as a mobile computing device
(e.g., a smart phone), the user device 106 may correspond to
any type of computing device such as, without limitation, a
tablet device, a laptop/desktop computer, a wearable device,
a digital assistant device, a smart speaker/display, a smart
appliance, an automotive infotainment system, or an Inter-
net-of-Things (IoT) device.

[0040] The ASR system 200 includes an audio subsystem
202 that is implemented on a user device 106 while the other
components of the system 200 may reside on the user device
106 and/or the remote system 201. The audio subsystem 202
may include one or more microphones 204, analog-to-digital
(A-D) converter 206, buffer 208, and various other audio
filters. The one or more microphones 204 are configured to
capture audio such as speech spoken by a user 102 and the
A-D converter 206 is configured to convert the audio into a
corresponding digital format associated with input acoustic
features 205 capable of being processed by various compo-
nents of the ASR system 200. In some examples, the
acoustic features 205 include a series of parameterized input
acoustic frames that each include 80-dimensional log-Mel
features, computed with short, e.g., 25 milliseconds (ms),
window and shifted every, e.g., 10 ms. The buffer 208 may
store the most recent acoustic features 205 (e.g., last 10
seconds) sampled from the corresponding audio captured by
the one or more microphones 204 for further processing by
the ASR system 200. Other components of the ASR system
200 may access and store acoustic features 205 in the buffer
208 for further processing.

[0041] In some implementations, the ASR system 200
includes a speaker identifier 210 configured to receive the
acoustic features 205 from the audio subsystem 202 and
determine whether the acoustic features 205 are associated
with an utterance spoken by a speaker with atypical speech
or an utterance spoken by a speaker with typical speech. The
speaker identifier 210 may generate an output 211 indicating
whether the acoustic features 205 are associated with atypi-
cal speech or typical speech. For instance, each of the typical
speech detected decisions 120, 140 and each of the atypical
speech detected decisions 136, 144 depicted in FIG. 1 may
include a corresponding output 211 generated by the speaker
identifier 210. In some examples, the speaker identifier 210
performs speaker recognition/identification by processing
the acoustic features 205 to generate a speaker embedding
(e.g., a d-vector or i-vector) and determine whether the
speaker embedding matches a stored speaker embedding for
a user with atypical speech or typical speech. A speaker
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embedding may match a stored speaker embedding when an
embedding distance there between satisfies a distance
threshold.

[0042] In additional examples, the speaker identifier 210
includes a speech classifier model 310 trained to receive
acoustic features 205 as input and generate the output 211
indicating whether the acoustic features 205 are associated
with an utterance spoken by a speaker with atypical speech
or a speaker with atypical speech. For instance, FIG. 3
shows an example training procedure 300 for training the
speech classifier model 310. The speech classifier model 310
may be a neural network-based model. The training proce-
dure 300 trains the speech classifier model 310 on atypical
training utterances 302 that include utterances spoken by
speakers with atypical speech. The atypical training utter-
ances 302 may include utterances spoken by speakers who
have various types of speech disorders such as, without
limitation, apraxia of speech, cluttering, developmental ver-
bal dyspraxia, dysarthria, dysprosody, speech sound disor-
ders, slurred speech, stuttering, voice disorders, lisp, or any
other similar speech disorder that can make it difficult for
others to understand. The atypical training utterances 302
may be labeled to teach the speech classifier model 310 to
classify utterances spoken by atypical speakers as atypical
speech. In some scenarios, the model 310 is trained to
generate outputs 211 indicating whether utterances were
spoken by speakers with particular types of atypical speech.
For instance, an output 211 could indicate that acoustic
features associated with an utterance spoken by a speaker
with dysarthria includes dysarthria while an output 211
could indicate that other acoustic features associated with
another utterance spoken by a different speaker who is deaf
includes deaf speech. In these scenarios, the model 310 is
trained on atypical training utterances 302 explicitly labeled
as including dysarthria atypical speech as well as atypical
training utterances 302 explicitly labeled as including deaf
speech. The model 310 could be trained to generate outputs
211 indicating any number of different particular types of
atypical speech to provide more granularity. In this manner,
each type of atypical speech may be associated with a
respective alternative speech recognizer 132 that is person-
alized for recognizing the particular type of atypical speech.

[0043] Additionally or alternatively, the training proce-
dure 300 may train the speech classifier model 310 on
typical training utterances 304 that include utterances spo-
ken by speakers with typical speech. As with the atypical
training utterances 302, the typical training utterances 304
may be labeled to teach the speech classifier model 310 to
classify utterances spoken by typical speakers as typical
speech.

[0044] The system 200 also includes the speech recognizer
selector 112. The speech recognizer selector 112 is config-
ured to receive the output 211 generated by the speaker
identifier 210 indicating whether the acoustic features 205
include an utterance spoken by a speaker with typical speech
or atypical speech. If the output 211 received by the speech
recognizer selector 112 indicates that the acoustic features
205 include an utterance spoken by a speaker with atypical
speech, the speech recognizer selector 112 selects (e.g., via
decision 118) the alternative speech recognizer 132 to per-
form speech recognition on the acoustic features 205. If the
speech recognizer selector 112 receives the output 211
indicating that the audio features 205 does not include an
utterance spoken by a speaker with atypical speech, the
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speech recognizer selector 112 selects (e.g., via decision
114) the general speech recognizer 124 to perform speech
recognition on the acoustic features 205.

[0045] In some implementations, the speaker identifier
210 is configured to identify different types of atypical
speech. For example, the speaker identifier 210 may be
configured to determine whether the speaker speaks without
atypical speech, with dysarthric speech, or with apraxia of
speech. That is, the speaker identifier 210 may implement
the speaker classifier model 310 to generate outputs 211
indicating the different types of atypical speech and typical
speech and/or the speaker identifier 210 may simply perform
speaker recognition on received acoustic features 205 to
determine if a speaker embedding matches a stored speaker
embedding for a speaker known to speak with a particular
type of atypical speech or typical speech. In the example, the
ASR system 200 may include three speech recognizers: the
general speech recognizer 124 for recognizing typical
speech; a first alternative speech recognizer 132 trained to
recognize dysarthric speech; and a second alternative speech
recognizer 132 trained to recognize apraxia of speech. The
speech recognizer selector 110 may select the general speech
recognizer 124 if the speaker identifier 210 generates an
output 211 that the speaker does not speak with atypical
speech. The speech recognizer selector 110 may select the
first alternative speech recognizer 132 for speakers with
dysarthric speech if the speaker identifier 110 generates an
output 211 indicating that the speaker has dysarthric speech.
The speech recognizer selector 110 may select the second
alternative speech recognizer 132 for speakers with apraxia
of speech if the speaker identifier 210 generates the output
211 indicating that the speaker has apraxia of speech.
[0046] In instances where the speech recognizer selector
110 selects the general speech recognizer 124 via decision
114, the general speech recognizer 124 receives the acoustic
features 205 from the audio subsystem 202 or from a storage
device that stores the acoustic features 205 received from the
audio subsystem 202. The general speech recognizer 124
performs speech recognition on the acoustic features 205 to
generate an ASR result 218 for the utterance spoken by the
speaker with typical speech.

[0047] The speech recognizer biaser 222 accesses/receives
the ASR result 218 generated by the general speech recog-
nizer 124 and biases the alternative speech recognizer 132
using the ASR result 218. Specifically, the speech recognizer
biaser 222 is configured to identify the most prominent
terms 224 in the ASR result 218 and bias the alternative
speech recognizer 132 towards those terms 224. Thus, the
prominent terms 224 identified in the ASR result 217 by the
biaser 222 may be referred to as bias terms 224 for biasing
the alternative speech recognizer 132. In some implemen-
tations, the speech recognizer biaser 222 identifies the
prominent terms by identifying the most repeated non-
functional terms in the ASR result 218. In additional imple-
mentations, the speech recognizer biaser 222 identifies the
prominent terms 224 by performing a term frequency-
inverse document frequency (tf-idf) analysis on the ASR
result 218. Additionally or alternatively, the speech recog-
nizer biaser 222 may identify the prominent terms by
identifying mutual information included in multiple ASR
results 218 generated by the general speech recognizer 124
during an ongoing conversation.

[0048] In some implementations, the speech recognizer
biaser 222 uses a decay function to determine the prominent
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terms 224 to bias the alternative speech recognizer 132. In
this case, the speech recognizer biaser 222 assigns a weight
to each term 224 and reduces that weight as the ASR system
200 receives additional utterances that do not include pre-
viously identified terms. For example, if the speech recog-
nizer biaser 222 identifies the terms “snow” and “ice” in a
first utterance and then identifies the term “rain” in the
following utterance, then the speech recognizer biaser 222
may bias the alternative speech recognizer 132 towards
“rain” to a greater extent than towards “snow” and “rain.”
[0049] In some additional implementations, the speech
recognizer biaser 222 also uses any combination of biasing,
language model adaption, and/or beam search to adjust the
alternative speech recognizer 132. The speech recognizer
biaser 222 may also use feeding to update the alternative
speech recognizer 132 so that the alternative speech recog-
nizer 132 is more aware of the topicality, domain, and/or
linguistic context of the conversation. The speech recognizer
biaser 222 may be configured to boost certain words or
phrases during beam-search decoding by the alternative
speech recognizer 132. The speech recognizer biaser 222
may be configured to build and/or adapt a language model
on the fly for a first pass or a second pass by the alternative
speech recognizer 132. The speech recognizer biaser 222
may be configured to modify the alternative speech recog-
nizer 132 so that it uses attention over a recurrent neural
network language model encoder hidden states.

[0050] In instances where the speech recognizer selector
110 selects the alternative speech recognizer 132 via deci-
sion 118, the alternative speech recognizer 132 receives the
acoustic features 205 from the audio subsystem 202 or from
a storage device that stores the acoustic features 205
received from the audio subsystem 202. The alternative
speech recognizer 132 performs speech recognition on the
acoustic features 205 corresponding to an utterance and
stores a transcription 230 (e.g., transcription 146, 146 of
FIG. 1) of the utterance in memory hardware. Here, when
performing speech recognition on the acoustic features 205,
the alternative speech recognizer 132 may be biased by the
bias terms 224 identified by speech recognizer biaser 222
from the ASR result(s) 218 generated by the general speech
recognizer 124 from previous utterances of the conversation
spoken by the speaker with typical speech.

[0051] A user interface generator 232 accesses/receives
the transcription(s) 230 from the alternative speech recog-
nizer 132 and generates a user interface 150 that includes the
alternative speech recognizer transcriptions 230. The ASR
system 200 outputs the user interface 150 on a display in
communication with the system 200. For instance, the ASR
system 200 may output the user interface 150 on a display
of the user device 1064 associated with the user 1024 of FIG.
1 that speaks with typical speech. Notably, the second
transcription 230 is canonical text so that the first user 102a
can understand the second utterance 134 spoken by the
second user 1025 with atypical speech.

[0052] In some implementations, the ASR system 200
includes a speech synthesizer 234 that generates synthesized
speech 236 of the transcriptions 230 generated by the
alternative speech recognizer 132. The synthesizer 234 may
include a text-to-speech module/system. The ASR system
200 may output the synthesized speech 236 through a
speaker or other audio output device. For instance, the ASR
system 200 may output the synthesized speech 236 through
a speaker of the user device 106a associated with the user
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102a of FIG. 1 that speaks with typical speech. Here, the
synthetic speech representation 236 corresponds to canoni-
cal speech that conveys utterances 134, 142 spoken by the
second user 1025 that speaks with atypical speech.

[0053] When the ASR system 200 uses the general speech
recognizer 124 to perform speech recognition, then the ASR
system 200 deactivates or bypasses performing speech rec-
ognition on the alternative speech recognizers 132. When
the ASR system 200 uses one of the alternative speech
recognizers 132, then the ASR system 200 may deactivate or
bypass performing speech recognition on the general speech
recognizer 124 and any other alternative speech recognizers
132.

[0054] FIG. 4 is a flowchart of an example arrangement of
operations for a method 400 of biasing an alternative speech
recognizer 132. The alternative speech recognizer 132 may
be trained to perform automated speech recognition (ASR)
on speech spoken by a user with atypical speech. Data
processing hardware 510 (FIG. 5) may execute instructions
stored on memory hardware 520 (FIG. 5) to perform the
operations for the method 400. The data processing hard-
ware 510 and memory hardware 520 may reside on a user
device 106 associated with a user 102 or a remote computing
device (e.g., a server) in communication with the user device
106. The method 400 may be described with reference to
FIGS. 1 and 2.

[0055] At operation 402, the method 400 includes receiv-
ing acoustic features 205 of a first utterance 108 spoken by
a first user 102a that speaks with typical speech, and at
operation 404, the method 400 includes processing, using a
general speech recognizer 124, the acoustic features of the
first utterance 108 to generate a first transcription (i.e., ASR
result) 218 of the first utterance 108.

[0056] At operation 406, the method 400 includes analyz-
ing the first transcription 218 of the first utterance 108 to
identify one or more bias terms 224 in the first transcription
218 for biasing an alternative speech recognizer 132. At
operation 408, the method 400 includes biasing the alterna-
tive speech recognizer 132 on the one or more bias terms
224 identified in the first transcription 218. At least a portion
of the one or more bias terms 224 may be associated with
bias terms related to a topic or class identified in the first
transcription 218. For example, if the transcriptions 218
generated by the general speech recognizer 124 are related
to politics, then the method 400 may bias the alternative
speech recognizer 132 on a set of one or more bias terms 224
related to politics

[0057] At operation 410, the method 400 includes receiv-
ing acoustic features 205 of a second utterance 134 spoken
by a second user 1025 that speaks with atypical speech. At
operation 412, the method 400 includes processing, using
the alternative speech recognizer 132 biased on the one or
more bias terms 224 identified in the first transcription 224,
the acoustic features 205 of the second utterance 134 to
generate a second transcription 230 of the second utterance
134.

[0058] In some examples, the computing device 106 dis-
plays the second transcription 146 of the second utterance
134 in a graphical user interface 150 so that the first user
104. Notably, the second transcription 230 is canonical text
so that the first user 102a can understand the second utter-
ance 134 spoken by the second user 1026 with atypical
speech. Additionally or alternatively, the method 400 may
further generate, using a synthesizer (e.g., text-to-speech
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module) 234, a synthetic speech representation 236 for the
second transcription 230 and audibly output the synthetic
speech representation 236 from the computing device 106.
Here, the synthetic speech representation 236 corresponds to
canonical speech that conveys the second utterance 134
spoken by the second user 1025 that speaks with atypical
speech.

[0059] FIG. 5 is schematic view of an example computing
device 500 that may be used to implement the systems (e.g.,
the speech recognizer 200) and methods (e.g., the method
400) described in this document. The computing device 500
is intended to represent various forms of digital computers,
such as laptops, desktops, workstations, personal digital
assistants, servers, blade servers, mainframes, and other
appropriate computers. The components shown here, their
connections and relationships, and their functions, are meant
to be exemplary only, and are not meant to limit implemen-
tations of the inventions described and/or claimed in this
document.

[0060] The computing device 500 includes a processor
510 (e.g., data processing hardware), memory 520 (e.g.,
memory hardware), a storage device 530, a high-speed
interface/controller 540 connecting to the memory 520 and
high-speed expansion ports 540, and a low speed interface/
controller 560 connecting to a low speed bus 570 and a
storage device 530. Each of the components 510, 520, 530,
540, 550, and 560, are interconnected using various busses,
and may be mounted on a common motherboard or in other
manners as appropriate. The processor 510 can process
instructions for execution within the computing device 500,
including instructions stored in the memory 520 or on the
storage device 530 to display graphical information for a
graphical user interface (GUI) on an external input/output
device, such as display 580 coupled to high speed interface
540. In other implementations, multiple processors and/or
multiple buses may be used, as appropriate, along with
multiple memories and types of memory. Also, multiple
computing devices 500 may be connected, with each device
providing portions of the necessary operations (e.g., as a
server bank, a group of blade servers, or a multi-processor
system).

[0061] The memory 520 stores information non-transito-
rily within the computing device 500. The memory 520 may
be a computer-readable medium, a volatile memory unit(s),
or non-volatile memory unit(s). The non-transitory memory
520 may be physical devices used to store programs (e.g.,
sequences of instructions) or data (e.g., program state infor-
mation) on a temporary or permanent basis for use by the
computing device 500. Examples of non-volatile memory
include, but are not limited to, flash memory and read-only
memory (ROM)/programmable read-only  memory
(PROM)/erasable  programmable read-only memory
(EPROM)/electronically erasable programmable read-only
memory (EEPROM) (e.g., typically used for firmware, such
as boot programs). Examples of volatile memory include,
but are not limited to, random access memory (RAM),
dynamic random access memory (DRAM), static random
access memory (SRAM), phase change memory (PCM) as
well as disks or tapes.

[0062] The storage device 530 is capable of providing
mass storage for the computing device 500. In some imple-
mentations, the storage device 530 is a computer-readable
medium. In various different implementations, the storage
device 530 may be a floppy disk device, a hard disk device,
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an optical disk device, or a tape device, a flash memory or
other similar solid state memory device, or an array of
devices, including devices in a storage area network or other
configurations. In additional implementations, a computer
program product is tangibly embodied in an information
carrier. The computer program product contains instructions
that, when executed, perform one or more methods, such as
those described above. The information carrier is a com-
puter- or machine-readable medium, such as the memory
520, the storage device 530, or memory on processor 510.
[0063] The high speed controller 540 manages bandwidth-
intensive operations for the computing device 500, while the
low speed controller 560 manages lower bandwidth-inten-
sive operations. Such allocation of duties is exemplary only.
In some implementations, the high-speed controller 540 is
coupled to the memory 520, the display 580 (e.g., through a
graphics processor or accelerator), and to the high-speed
expansion ports 550, which may accept various expansion
cards (not shown). In some implementations, the low-speed
controller 560 is coupled to the storage device 530 and a
low-speed expansion port 590. The low-speed expansion
port 590, which may include various communication ports
(e.g., USB, Bluetooth, Ethernet, wireless Ethernet), may be
coupled to one or more input/output devices, such as a
keyboard, a pointing device, a scanner, or a networking
device such as a switch or router, e.g., through a network
adapter.

[0064] The computing device 500 may be implemented in
a number of different forms, as shown in the figure. For
example, it may be implemented as a standard server 500a
or multiple times in a group of such servers 5004, as a laptop
computer 5005, or as part of a rack server system 500c.
[0065] Various implementations of the systems and tech-
niques described herein can be realized in digital electronic
and/or optical circuitry, integrated circuitry, specially
designed ASICs (application specific integrated circuits),
computer hardware, firmware, software, and/or combina-
tions thereof. These various implementations can include
implementation in one or more computer programs that are
executable and/or interpretable on a programmable system
including at least one programmable processor, which may
be special or general purpose, coupled to receive data and
instructions from, and to transmit data and instructions to, a
storage system, at least one input device, and at least one
output device.

[0066] These computer programs (also known as pro-
grams, software, software applications or code) include
machine instructions for a programmable processor, and can
be implemented in a high-level procedural and/or object-
oriented programming language, and/or in assembly/ma-
chine language. As used herein, the terms “machine-read-
able medium” and “computer-readable medium” refer to any
computer program product, non-transitory computer read-
able medium, apparatus and/or device (e.g., magnetic discs,
optical disks, memory, Programmable Logic Devices
(PLDs)) used to provide machine instructions and/or data to
a programmable processor, including a machine-readable
medium that receives machine instructions as a machine-
readable signal. The term “machine-readable signal” refers
to any signal used to provide machine instructions and/or
data to a programmable processor.

[0067] The processes and logic flows described in this
specification can be performed by one or more program-
mable processors executing one or more computer programs
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to perform functions by operating on input data and gener-
ating output. The processes and logic flows can also be
performed by special purpose logic circuitry, e.g., an FPGA
(field programmable gate array) or an ASIC (application
specific integrated circuit). Processors suitable for the
execution of a computer program include, by way of
example, both general and special purpose microprocessors,
and any one or more processors of any kind of digital
computer. Generally, a processor will receive instructions
and data from a read only memory or a random access
memory or both. The essential elements of a computer are a
processor for performing instructions and one or more
memory devices for storing instructions and data. Generally,
a computer will also include, or be operatively coupled to
receive data from or transfer data to, or both, one or more
mass storage devices for storing data, e.g., magnetic, mag-
neto optical disks, or optical disks. However, a computer
need not have such devices. Computer readable media
suitable for storing computer program instructions and data
include all forms of non-volatile memory, media and
memory devices, including by way of example semiconduc-
tor memory devices, e.g., EPROM, EEPROM, and flash
memory devices; magnetic disks, e.g., internal hard disks or
removable disks; magneto optical disks; and CD ROM and
DVD-ROM disks. The processor and the memory can be
supplemented by, or incorporated in, special purpose logic
circuitry.

[0068] To provide for interaction with a user, one or more
aspects of the disclosure can be implemented on a computer
having a display device, e.g., a CRT (cathode ray tube), LCD
(liquid crystal display) monitor, or touch screen for display-
ing information to the user and optionally a keyboard and a
pointing device, e.g., a mouse or a trackball, by which the
user can provide input to the computer. Other kinds of
devices can be used to provide interaction with a user as
well; for example, feedback provided to the user can be any
form of sensory feedback, e.g., visual feedback, auditory
feedback, or tactile feedback; and input from the user can be
received in any form, including acoustic, speech, or tactile
input. In addition, a computer can interact with a user by
sending documents to and receiving documents from a
device that is used by the user; for example, by sending web
pages to a web browser on a user’s client device in response
to requests received from the web browser.

[0069] A number of implementations have been described.
Nevertheless, it will be understood that various modifica-
tions may be made without departing from the spirit and
scope of the disclosure. Accordingly, other implementations
are within the scope of the following claims.

What is claimed is:
1. A computer-implemented method that when executed
on data processing hardware causes the data processing
hardware to perform operations comprising:
receiving acoustic features of a first utterance spoken by
a first user that speaks with typical speech;

processing, using a general speech recognizer, the acous-
tic features of the first utterance to generate a first
transcription of the first utterance;

analyzing the first transcription of the first utterance to

identify one or more bias terms in the first transcription
for biasing an alternative speech recognizer;

biasing the alternative speech recognizer on the one or

more bias terms identified in the first transcription;
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receiving acoustic features of a second utterance spoken
by a second user that speaks with atypical speech; and

processing, using the alternative speech recognizer biased
on the one or more terms identified in the first tran-
scription, the acoustic features of the second utterance
to generate a second transcription of the second utter-
ance.

2. The computer-implemented method of claim 1,
wherein the operations further comprise displaying the sec-
ond transcription of the second utterance on a display of a
user device associated with the first user.

3. The computer-implemented method of claim 1,
wherein the operations further comprise:

generating a synthetic speech representation for the sec-

ond transcription of the second utterance; and
providing the synthetic speech representation for audible
output from a user device associated with the first user.

4. The computer-implemented method of claim 1,
wherein the operations further comprise, after receiving the
acoustic features of the second utterance spoken by the
second user that speaks with atypical speech:

performing speaker recognition on the acoustic features of

the second utterance to identify the speaker of the
second utterance as the second user that speaks with
atypical speech; and

selecting the alternative speech recognizer to perform

speech recognition on the acoustic features of the
second utterance based on the speaker recognition
performed on the acoustic features of the second utter-
ance identifying the second user as the speaker of the
second utterance.

5. The computer-implemented method of claim 1,
wherein the operations further comprise, after receiving the
acoustic features of the second utterance spoken by the
second user that speaks with atypical speech:

generating, using a speech classifier model, an output

indicating that the acoustic features of the second
utterance are associated with an utterance spoken by a
speaker with atypical speech; and

selecting the alternative speech recognizer to perform

speech recognition on the acoustic features of the
second utterance based on the output generated by the
speech classifier model that indicates the acoustic fea-
tures of the second utterance area associated with the
utterance spoken by the speaker with atypical speech.

6. The computer-implemented method of claim 5,
wherein the speech classifier model is trained on atypical
training utterances that include respective labels indicating
that the atypical training utterances are spoken by speakers
with atypical speech.

7. The computer-implemented method of claim 6,
wherein the atypical training utterances include utterances
spoken by speakers who have at least one of apraxia of
speech, deaf speech, cluttering, developmental verbal
dyspraxia, dysarthria, dysprosody, a speech sound disorders,
slurred speech, stuttering, a voice disorder, or a lisp.

8. The computer-implemented method of claim 6,
wherein the speech classifier model is further trained on
typical training utterances that include respective labels
indicating that the typical training utterances are spoken by
speakers with typical speech.

9. The computer-implemented method of claim 1,
wherein analyzing the first transcription of the first utterance
to identify one or more bias terms in the first transcription
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comprises identifying the one or more bias terms by iden-
tifying non-functional terms in the first transcription.

10. The computer-implemented method of claim 1,
wherein analyzing the first transcription of the first utterance
to identify one or more bias terms in the first transcription
comprises performing a term frequency-inverse document
frequency (tf-idf) analysis on the first transcription to iden-
tify the one or more bias terms.

11. The computer-implemented method of claim 1,
wherein analyzing the first transcription of the first utterance
to identify one or more bias terms in the first transcription
comprises identifying mutual information included in mul-
tiple transcriptions generated by the general speech recog-
nizer during an ongoing conversation between the first user
and the second user.

12. The computer-implemented method of claim 1,
wherein:

the first utterance is captured by a first user device

associated with the first user; and

the data processing hardware resides on the first user

device.

13. The computer-implemented method of claim 1,
wherein:

the first utterance is captured by a first user device

associated with the first user; and

the data processing hardware resides on a remote com-

puting device in communication with the first user
device.

14. A system comprising:

data processing hardware; and

memory hardware in communication with the data pro-

cessing hardware and storing instructions that when

executed on the data processing hardware cause the

data processing hardware to perform operations com-

prising:

receiving acoustic features of a first utterance spoken
by a first user that speaks with typical speech;

processing, using a general speech recognizer, the
acoustic features of the first utterance to generate a
first transcription of the first utterance;

analyzing the first transcription of the first utterance to
identify one or more bias terms in the first transcrip-
tion for biasing an alternative speech recognizer;

biasing the alternative speech recognizer on the one or
more bias terms identified in the first transcription;

receiving acoustic features of a second utterance spo-
ken by a second user that speaks with atypical
speech; and

processing, using the alternative speech recognizer
biased on the one or more terms identified in the first
transcription, the acoustic features of the second
utterance to generate a second transcription of the
second utterance.

15. The system of claim 14, wherein the operations further
comprise displaying the second transcription of the second
utterance on a display of a user device associated with the
first user.

16. The system of claim 14, wherein the operations further
comprise:

generating a synthetic speech representation for the sec-

ond transcription of the second utterance; and
providing the synthetic speech representation for audible
output from a user device associated with the first user.
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17. The system of claim 14, wherein the operations further
comprise, after receiving the acoustic features of the second
utterance spoken by the second user that speaks with atypi-
cal speech:

performing speaker recognition on the acoustic features of

the second utterance to identify the speaker of the
second utterance as the second user that speaks with
atypical speech; and

selecting the alternative speech recognizer to perform

speech recognition on the acoustic features of the
second utterance based on the speaker recognition
performed on the acoustic features of the second utter-
ance identifying the second user as the speaker of the
second utterance.

18. The system of claim 14, wherein the operations further
comprise, after receiving the acoustic features of the second
utterance spoken by the second user that speaks with atypi-
cal speech:

generating, using a speech classifier model, an output

indicating that the acoustic features of the second
utterance are associated with an utterance spoken by a
speaker with atypical speech; and

selecting the alternative speech recognizer to perform

speech recognition on the acoustic features of the
second utterance based on the output generated by the
speech classifier model that indicates the acoustic fea-
tures of the second utterance area associated with the
utterance spoken by the speaker with atypical speech.

19. The system of claim 18, wherein the speech classifier
model is trained on atypical training utterances that include
respective labels indicating that the atypical training utter-
ances are spoken by speakers with atypical speech.

20. The system of claim 19, wherein the atypical training
utterances include utterances spoken by speakers who have
at least one of apraxia of speech, deaf speech, cluttering,
developmental verbal dyspraxia, dysarthria, dysprosody, a
speech sound disorders, slurred speech, stuttering, a voice
disorder, or a lisp.

21. The system of claim 19, wherein the speech classifier
model is further trained on typical training utterances that
include respective labels indicating that the typical training
utterances are spoken by speakers with typical speech.

22. The system of claim 14, wherein analyzing the first
transcription of the first utterance to identify one or more
bias terms in the first transcription comprises identifying the
one or more bias terms by identifying non-functional terms
in the first transcription.

23. The system of claim 14, wherein analyzing the first
transcription of the first utterance to identify one or more
bias terms in the first transcription comprises performing a
term frequency-inverse document frequency (tf-idf) analysis
on the first transcription to identify the one or more bias
terms.

24. The system of claim 14, wherein analyzing the first
transcription of the first utterance to identify one or more
bias terms in the first transcription comprises identifying
mutual information included in multiple transcriptions gen-
erated by the general speech recognizer during an ongoing
conversation between the first user and the second user.

25. The system of claim 14, wherein:

the first utterance is captured by a first user device

associated with the first user; and

the data processing hardware resides on the first user

device.
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26. The system of claim 14, wherein:

the first utterance is captured by a first user device
associated with the first user; and

the data processing hardware resides on a remote com-
puting device in communication with the first user
device.
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